The seasonal predictability of extratropical storm tracks in Geophysical Fluid Dynamics 10 Laboratory (GFDL)'s high-resolution climate model has been investigated using an aver-11 age predictability time analysis. The leading predictable components of extratropical storm 12 tracks are ENSO-related spatial pattern for both boreal winter and summer, and the sec-13 ond predictable components are mostly due to changes in external radiative forcing and 14 multidecadal oceanic variability. These two predictable components for both seasons show 15 significant correlation skill for all leads from 0 to 9 months, while the skill of predicting 16 the boreal winter storm track is consistently higher than that of the austral winter. The 
Interim reanalysis of the European Center for Medium-Range Weather Forecasts (ECMWF)
. A rainy day is defined as a day with the daily precipitation exceeding 120 1 mm per day based on the WMO recommendation (Klein Tank et al. 2009 ).
121
The statistical significance test of the anomaly correlation coefficients (ACC) between 122 observations and hinscasts is formed by the null hypothesis that ACC is 0, and we perform 123 this test by determining whether the confidence interval for ACC contains 0. If the 95% 124 confidence interval for ACC does not contain 0, we conclude that ACC is significant at 5% 125 significant level. To highlight synoptic time-scale variability, seasonal standard deviation statistics are 129 computed using a 24-hour difference filter (Wallace et al. 1988) , as follows:
where N is the sample size of each season, and v is a variable representing the storm track are commonly used to measure storm-track activity, e.g., the meridional winds in different 135 vertical levels, 500-hPa geopotential height and SLP (Chang et al. 2002 (Chang et al. , 2012 ). Here we 136 use SLP for computing the storm track statistics, since our interest is in the surface storm 137 tracks. We compute the seasonal storm track indices using (1) from 6-hourly SLP for both Σ signal (τ )
where L is the maximum forecast lead time, q is the desired projection vector,
is the ensemble mean covariance matrix at the forecast lead time τ , and Σ total is the total 160 ensemble covariance matrix. The eigenvectors q provide the basis for decomposing the 161 multivariate time series into a complete, uncorrelated set of components ordered such that 162 the first maximizes APT, the second maximizes APT subject to being uncorrelated with the 163 first, and so on. The eigenvalues of (3) correspond to the APT values of each component.
164
This decomposition based on APT is analogous to Empirical Orthogonal Function (EOF) 165 analysis, except that we decompose predictability instead of decomposing variance.
166
For solving the APT optimization problem (3) in practice, the data are first projected 167 onto the leading principal components (PCs) (DelSole et al. 2011 
247
The leading predictable pattern of the storm track variability is consistent with the vance of this study is that the ENSO-related pattern is not only successfully identified in 251 seasonal hindcasts using APT analysis, but this pattern as a whole may be retrospectively 252 predictable up to 9 months in advance at the 5% significance level in GFDL's fully-coupled 253 high-resolution seasonal forecasting system.
254
The second predictable component (PrC2) at 5% significance level, but independent of the lead time.
266
The time series of the PrC2 in the DJF season exhibits a multi-decadal increasing trend the skill of predicting the PrC1 and ENSO in JAS is consistently lower at each lead time.
296
The ENSO-related storm track pattern is consistent with the observed Antarctic Dipole ( Fig. 5b and 8b) , resulting in the lower skill of predicting the trend pattern in JAS than 318 DJF.
319
The above analysis based on APT decomposed predictable components with different The APT analysis finds features that systematically maximize the average predictability 328 over all lead times, so the identified predictable components (e.g., the ENSO-related compo- mean showing the largest correlation with observation ( Fig. 10) . However, we show a "best" 344 ensemble member which looks similar to observation by visual inspection in Fig. 9c . This 345 member was able to reproduce the location and extreme amplitudes of the observed storm 346 track anomalies, indicating that the observed extreme anomalies were in the forecast spread.
347
The ability of the ensemble mean to recover the large observed correlation indicates a pre- we examine the predictable patterns for the 300 hPa zonal winds. from northwestern Canada to the midwestern USA (Fig. 13a) 
Conclusions

476
The seasonal predictability of extratropical storm tracks in GFDL's high-resolution sea-477 sonal hindcasts has been investigated using APT analysis. For both DJF and JAS seasons, seasonal climate prediction is a joint initial-boundary value problem.
499
The ENSO-related leading predictable storm track component is dynamically consistent 
506
The fraction of global variance explained by each predictable component for both sea-507 sons is generally lower than about 10%, however, the predictable components can explain the research community and decision makers beyond the seasonal mean.
526
The analyzed seasonal predictability of extratropical storm tracks may be subject to the Fig. 13 ).
